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Abstract— The electrocardiogram (ECG) is routinely used
for the diagnosis of cardiovascular diseases. The removal of
artifacts in ambulatory ECG recordings is essential in many
biomedical applications. In this paper, we present the design
of an unbiased linear filter with normalized weight coefficients
in an adaptive artifact cancellation (UNAAC) system. We also
develop a new weight coefficient adaptation algorithm that
normalizes the filter coefficients, and utilize the steepest-descent
algorithm to effectively cancel the artifacts present in ECG
signals. The proposed UNAAC system was tested through
experiments on the benchmark MIT-BIH database. Empirical
results demonstrate that the UNAAC system can effectively
eliminate two types of predominant artifacts: baseline wander
and muscle-contraction artifact. Furthermore, the proposed
UNAAC system achieved significantly higher signal-to-noise and
signal-to-error ratios in the enhanced ECG signals, as compared
with the normalized least-mean-square (NLMS) filter.
I. INTRODUCTION
The electrocardiogram (ECG) is the electrical representa-
tion of cardiac activity. Computerized electrocardiography is
now widely used as a fairly reliable technique for the diag-
nosis of cardiac diseases [1]. In clinical practice, however,
the ambulatory ECG recording is usually contaminated by
several different types of artifacts [2], e.g., baseline wander,
muscle-contraction artifact, electrocautery noise, and power-
line interference.
The goal of artifact cancellation is to separate the valid
signal contents from the undesired artifacts, so as to present
an ECG that facilitates easy and accurate interpretation [3].
Artifact cancellation is also a fundamental procedure in
many other biomedical applications, e.g., detection of QRS
complexes [4], classification of ectopic beats [5], [6], analysis
of asymptomatic arrhythmia [7], fetal ECG signal extraction
from the maternal abdominal ECG [8], diagnosis of myocar-
dial ischemia [9], and ECG signal data compression [10].
The fundamental principles of adaptive filtering for noise
cancellation were described by Widrow et al. [11]. In re-
cent years, adaptive filtering has been one of the effective
and popular techniques for the analysis of the ECG and
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other biomedical signals [1]. Unfortunately, many algorithms
reported in the literature [7], [12]–[15] require a detailed
study of the components of a given ECG signal, which
consumes a significant amount of time for modeling; the
methods are, therefore, not flexible for application from one
patient or condition to another. In this paper, we present a
new unbiased and normalized adaptive artifact cancellation
(UNAAC) system, and apply it to the filtering of noisy
ambulatory ECG recordings.
The remaining parts of this paper are organized as follows.
Section II provides a description of the UNAAC system
together with the unbiased and normalized linear filter, and
also introduces the corresponding adaptation algorithm for
updating the filter’s weight coefficients. Section III presents
the empirical results obtained with ECG records from the
MIT-BIH Noise Stress Test Database [16], and compares
the proposed method with the normalized least-mean-square
(NLMS) filter [17]. Section IV concludes our investigation
and presents possible directions for the next step of our work.
II. UNBIASED AND NORMALIZED ADAPTIVE ARTIFACT
CANCELLATION (UNAAC) SYSTEM
A. System Description
An illustration of the UNAAC system is shown in Fig.
1. The primary input p(n) is the contaminated ambulatory
ECG record, and the input r(n) = â(n) to the unbiased
linear filter is the reference related to the artifact a(n). The
original, uncontaminated ECG signal is represented by s(n).
The linear filter does not include a bias parameter, and its
weight coefficients are normalized. The enhanced ECG signal
ŝ(n) is computed by subtracting the estimated artifact f(n)



















Fig. 1. Illustration of the adaptive artifact cancellation system.
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B. Weight Coefficient Adaptation Algorithm for the Linear
Filter in the UNAAC system
In the UNAAC system, the linear filter with M weight
coefficients is a transversal and finite impulse response (FIR)
filter (see Fig. 1). The instantaneous response of the filter
f(n) can be expressed as the convolution of the reference




wm(n)r(n−m + 1) . (1)
In order to provide unit gain at DC, the weight coefficients
wm(n) are normalized as
M∑
m=1
wm(n) = 1 . (2)
The training process is designed to update the coefficients
so that the linear filter is able to estimate adaptively the
artifacts present in the given contaminated ECG signal. As
shown in Fig. 1, the output unit of the UNAAC system can
be expressed as
o(n) = ŝ(n) = p(n)− f(n) , (3)
where the primary input is a mixture of the desired ECG
s(n) (to be enhanced) and artifacts a(n), i.e.,
p(n) = s(n) + a(n) . (4)
Squaring both sides of (3) yields
ŝ2(n) = p2(n) + f2(n)− 2p(n)f(n)
= [s(n) + a(n)]2 + f2(n)− 2 [s(n) + a(n)] f(n)
= s2(n) + a2(n) + 2s(n)a(n)
+f2(n)− 2 [s(n) + a(n)] f(n) . (5)
By moving the term s2(n) to the left-hand side of (5), and
then taking the expectation, we obtain
E
[
ŝ2(n)− s2(n)] = E {a2(n) + 2s(n)a(n) + f2(n)
−2 [s(n) + a(n)] f(n) } . (6)
The aim of the weight coefficient adaptation algorithm is
to minimize E
[
ŝ2(n)− s2(n)] to a value as close to zero
as possible. Such a goal can be achieved by optimizing the
weight coefficients according to the steepest-descent algo-
rithm [18]. The convergence process in the multidimensional
weight space follows a deterministic search path provided by








∂ [s(n) + a(n)] f(n)
∂wk




+ 2p(n)r(n− k + 1)








By substituting (2) and (7) into the steepest-descent algo-










wm(n)r(n−m + 1)− p(n)
]
=ŵk(n)
+ 2η r(n− k + 1)
M∑
m=1
wm(n) [p(n)− r(n−m + 1)] ,
(8)
where η represents the learning rate (η > 0) that indicates
the search magnitude in the negative gradient direction.
Before each new time instant n+1, the filter weight coef-
ficients should be normalized so as to meet the requirement
of (2), i.e.,






The filtering procedure proposed in the present paper
differs from previous related methods that we have proposed
[15], [19], [20] as follows: the UNAAC system does not
require a filtered version of the ECG signal for use as a
reference input.
III. EMPIRICAL RESULTS
In our experiments, we tested the proposed UNAAC
system with ECG signals affected by two predominant types
of artifacts, i.e., real muscle artifact (MA) and baseline
wander (BW), available from the MIT-BIH Noise Stress Test
Database [16] (in the records ‘ma’ and ‘bw’, respectively).
Two ambulatory ECG recordings (Tape No. 118 and 119
from the MIT-BIH Arrhythmia Database [16]) corrupted by
the artifacts were used as the primary input to the UNAAC
system. Each ECG record contains 21,600 samples digitized
at 360 Hz with 11-bit resolution over a 10 mV range. For the
purpose of comparison, we also used the popular NLMS filter
[17] to perform the filtering function instead of the unbiased
and normalized linear filter in the proposed UNAAC system.
The number of weight coefficients in each filter was set to
be the same, as M = 10. The learning rate of the unbiased
and normalized linear filter was fixed as η = 0.5 in all
experiments, and the learning rate of the NLMS filter was
set to be 0.0002 and 0.0006, in accordance with its best
performance for removing the MA and BW types of artifacts,
respectively.
The empirical results of cancelling the BW artifact for
the first 8 seconds of the ECG record in Tape No. 118 are
shown in Fig. 2 and Fig. 3. It can be observed from Fig.
2 (c) and Fig. 3 (e) that there is still some residual drift of
baseline remaining in the enhanced ECG with the NLMS
filter. On the other hand, the proposed UNAAC system is
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Fig. 2. Experimental results of filtering with the contaminated ECG Tape
No. 118. (a) The primary input ECG corrupted by the BW artifact. (b)
Enhanced ECG with the UNAAC system. (c) Enhanced ECG with the
NLMS filter. The abscissa is marked in seconds, and the ordinate is not
calibrated in the rest figures.

























Fig. 3. (a) The reference input. (b) The BW artifact removed from the
contaminated ECG Tape No. 118 with the UNAAC system. (d) Artifact
removed by the NLMS filter. Errors between the clean ECG records available
in the database and (c) the enhanced ECG with the UNAAC system, and
(e) the NLMS filter.
able to overcome such a drawback, as shown by the results
in Fig. 2 (b) and Fig. 3 (c). The results of eliminating muscle-
contraction artifact from the corrupted ECG Tape No. 119
are shown in Fig. 4 and Fig. 5. It is clear that the UNAAC
system is, again, more effective than the NLMS filter.
The merit factor of artifact cancellation was measured in
terms of the signal-to-noise ratio (SNR) and signal-to-error







where NS denotes the number of samples in the ambulatory
ECG recording.















Fig. 4. Experimental results of filtering with the contaminated ECG Tape
No. 119. (a) The primary input ECG corrupted by the MA artifact. (b)
Enhanced ECG with the UNAAC system. (c) Enhanced ECG with the
NLMS filter.

























Fig. 5. (a) The reference input. (b) The MA artifact removed from the
contaminated ECG Tape No. 119 with the UNAAC system. (d) Artifact
removed by the NLMS filter. Errors between the clean ECG records available
in the database and (c) the enhanced ECG with the UNAAC system, and
(e) the NLMS filter.
In addition, Shannon’s entropy [21] can be utilized in
the numerical evaluation so as to characterize the nature of
the artifact remaining in the enhanced ECG signals. The
probability density function of the artifact remaining (the
difference between the clean ECG records available in the
database and the enhanced ECG, as shown in Fig. 3 and
Fig. 5) can be estimated by calculating the frequencies
of occurrence pbin for various bins (20 bins used in our





−pbin log2 pbin . (11)
The results of evaluation are listed in Table I, from which
we can see that the UNAAC system outperforms the NLMS
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filter. In terms of SNR, the UNAAC system achieved an
average of 12.96 dB, which is about 5.95 dB higher in
relation to the corresponding result with the NLMS filter.
Regarding SER, the UNAAC system provided twice the
value provided by the NLMS filter. Referring to the values
of RAE, we can also infer that the enhanced ECG produced
by the UNAAC system is much cleaner than that estimated
by the NLMS filter, because the corresponding entropies of
artifacts remaining are consistently lower than those obtained
with the NLMS filter. In particular, the mean value of RAE
with respect to the NLMS filter is more than 6 times higher
than that for the UNAAC system. Comparing the results with
regard to two predominant types of artifacts, we can see that
the proposed UNAAC system is more effective in eliminating
the MA artifact, as the values of SNR and SER are larger
than those related to the removal of the BW artifact.
IV. CONCLUSION AND FUTURE WORK
The empirical results obtained in our experiments with
the MIT-BIH Noise Stress Test ECG signals demonstrate
the tangible advantages of the proposed UNAAC system
for artifact removal and signal enhancement. The weight
coefficient adaptation algorithm we have developed is simple
to implement, because the updated weight coefficients can
be computed directly through the difference between the
primary input and the reference input for a few delayed
samples. The adaptive filtering procedure is also more ef-
fective, as compared with several popular and conventional
approaches, many of which require modeling of the ECG
signals. The investigation of convergence of the weight
coefficient adaptation algorithm is one of the next steps of
our work. The development of new nonlinear adaptive filters
that are able to achieve fast adaptation with an error-free
output would be a part of our future research projects.
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TABLE I
RESULTS OF ADAPTIVE ARTIFACT CANCELLATION IN ECG RECORDS
FROM THE MIT-BIH DATABASE.
Tape No. SNR (dB) SER (dB) RAE (bit)
(artifact) UNAAC NLMS UNAAC NLMS UNAAC NLMS
118
5.61 4.63 8.28 10.91 0.02 3.23(BW)
118
19.68 8.53 40.46 10.10 0.64 2.43(MA)
119
7.20 6.64 14.22 14.66 0.03 3.15(BW)
119
19.35 8.23 42.41 9.77 1.06 2.35(MA)
mean 12.96 7.01 26.34 11.36 0.44 2.79
SD† 7.60 1.79 17.61 2.25 0.51 0.46
†SD: standard deviation.
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